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. Introduction
The aerospace, space and many other high-tech indus-
ries have increasingly replaced metallic parts with com-
onents made from various types of ﬁbre reinforced
omposites (FRC). As such, FRC parts are frequently found
n recently developed primary load-bearing structures in
any applications such as structural components of the
oeing 787 and Airbus 380. However, there are many crit-
cal issues such as difﬁculty of repair, anisotropic behav-
our, apparent degradation of properties with time,
xpensive infrastructure, and the complex nature of failure
nd damage accumulation and failure modes which are not
ompletely resolved to date. Due to the critical and unre-
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nd an artiﬁcial neural
ao Wang a, John Canning b, K.T. Lau c
and, Australia
ustralia
sensors have been used in the development of structural health
mage detection systems for advanced composite structures over
ately, to date only a handful of appropriate conﬁgurations and
r using in SHM systems have been developed. This paper reveals
G sensors to acquire strain reading and an integrated statistical
n real time. The proposed conﬁguration has proven its capability
onstraints and the engineering challenges associated with
A ﬁxed ﬁlter decoding system and an integrated artiﬁcial neural
tracting strain from embedded FBG sensor were proposed and
rthermore, the laboratory level experimental data was used to
system and it was found that the error levels were less than
veloped SMH system using this technology has been submitted
ill be available for use of aerospace applications in due course.
 2013 Published by Elsevier Ltd.
e closely monitored to prevent unexpected catastrophic
ailure.
In structural applications there are many notorious
tress-concentrated regions such as pin-loaded holes,
oints, connections and critical geometrical shapes which
re pronto induce damage that concurrently include splits,
ransverse cracks and delamination [1–3]. These damages
re hardly visible and monitoring the stress levels, as much
s possible at the critical areas is essential to guarantee
tructural integrity and comply with highly restrictive
odes and standards. As a consequence, damage diagnostic
nd damage prognostic SHM systems are being developed
or such composite structures [4,5].
To identify and address complex failure criteria inher-
nt in FRC materials, the SHM systems being developed
or composite structures must be robust [6].The damage
ccumulation in each layer of a composite laminate is pri-
arily dependent on the properties of the particular layer
at ScienceDirect
ent
r .com/ locate/measurementprocessing of real time strain of embedded FBG sensors using a
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75 [7,8], and the loads which are imparted onto the layer. The
76 anisotropic property of laminated composite is one of the
77 major reasons to have embedded sensors measuring struc-
78 tural behaviour of laminate composite materials. A surface
79 mounted sensor network is not sufﬁcient for health moni-
80 toring of composite structures. The Fibre Bragg Grating
81 (FBG) sensor is one of the most suitable sensors for lami-
82 nated composite structures as the FBG sensors can be
83 embedded in FRP composites during the manufacture of
84 the composite part with no effect on the strength of the
85 part as the size of the sensor is diminutive. This sensor is
86 suitable for networking since it has a narrowband response
87 with a wide wavelength operating range, hence can be
88 highly multiplexed. As a nonconductive sensor it can also
89 operate in electromagnetically noisy environments with-
90 out any interference.
91 The use of embedded FBG sensors has been a major con-
92 sideration for SHM systems and damage identiﬁcation in
93 composites since their invention in 1987 [9–13]. Generally,
94 the FBG spectrum will be distorted due to uneven strain
95 distribution over its gauge length. Close observation of
96 the distorted spectrum provides a signiﬁcant amount of
97 detail about the strain distribution around the embedded
98 sensor location. Observations of the distorted spectrums
99 produced by these sensors have been used to estimate
100 the damage in composites. The majority of research works
101 have focused on the investigation of the spectra of embed-
102 ded FBG sensors under simple unidirectional loading.
103 However, in reality, the applied loads are not limited to
104 uni-axial loads, and hence, the performance of FBGs in
105 multi-axial loading situation has to be investigated for
106 comprehensive damage characterization. The FBG spectral
107 response is signiﬁcantly complicated by multi-axial load-
108 ing conditions [14], ﬁbre orientation, and the type of dam-
109 age present in the structure [15]. As a result, the cause of
110 the distortion of FBG spectra not only depends on the con-
111 sequences of accumulated damage but also loading types
112 and the ﬁbre orientation. For example, Kahandawa et al.
113 has shown that the application of tensional loads caused
114 substantial distortions to the spectra of FBGs which were
115 embedded between non-parallel ﬁbre layers. These issues
116 create a serious need to identify and exclude those discrep-
117 ancies from any SHM system for composite structures.
118 This paper details exclusive research work undertaken
119 to eliminate the non-relevant data contained in embedded
120 FBG spectra and process relevant damage data for SHM
121 systems for composite structures. The proposed procedure
122 eliminates the need for expensive and bulky equipment
123 used in traditional data acquisition systems, and signiﬁ-
124 cantly shortens data processing time. The system intro-
125 duced here can be used to capture the distortions of
126 reﬂected spectra of an embedded FBG sensor in a compos-
127 ite laminate, and quantitatively estimate the distortion to
128 the spectra.
129 2. Fixed ﬁlter decoding system for FBG sensors
130
131
132
133FBG ﬁlter system. This system consists of a tunable laser
134(TLS), ﬁxed FBG ﬁlter, optical couplers (CP) and photo
135detector (PD). A high frequency data acquisition system
136(DAQ) was used to record the PD voltage values.
137The system shown in Fig. 1 is a building block of the
138proposed decoding system, which uses only one FBG ﬁlter.
139A tunable laser light is transmitted into the FBG sensor and
140the reﬂected spectrum of the FBG sensor is fed to the FBG
141ﬁlter through a coupler of a ratio 50:50. The intersection of
142the wavelengths reﬂected from the sensor and the ﬁlter is
143reﬂected to the photo-detector. The sensor receives the to-
144tal wavelength range from the tunable laser source, while
145the ﬁlter receives only the wavelengths reﬂected by the
146sensor. Therefore, the ﬁlter can only reﬂect light to the
147photo-detector if the wavelength from the sensor is lying
148within the ﬁlter’s grating range (k1). The reﬂected light of
149the ﬁlter is captured using the photo-detector, converted
150to a voltage, and recorded in the DAQ system in time do-
151main. This building block can be used to build a large sys-
152tem of many wavelengths as required by the application.
153Fig. 2 shows the reﬂected spectra of the FBG sensor and
154the ﬁlter. The ﬁlter can only reﬂect light if the input light
155wavelength from the sensor lies within the ﬁlter’s wave-
156length range. Thus, the ﬁlter reﬂects the intersection as
157shown in Fig. 2.
158The reﬂected light of the FBG ﬁlter was captured using
159the PD, and the PD’s output voltage was recorded using
160the DAQ in time domain. Fig. 3 shows the PD voltage in
161the time domain corresponding to the intersection of the
162spectrums shown in Fig. 2. In addition, the reﬂected
163spectra of the FBG also can be viewed in cathode ray oscil-
164loscope or recorded as voltage in time domain. By match-
165ing the tunable laser swept frequency with the DAQ
166sampling frequency, it is possible to estimate the spectra
167in wavelength domain.
168Since the ﬁlter is ﬁxed, the intersection of two spectra
169depends on the ﬁxed sensor’s position. Variation of the
170intersection is proportional to the shift of wavelength of
171grating due to applied strain and/or the distortion. If more
172ﬁlters are used, the bandwidth of ﬁlters can be increased
173and the readable range of the sensor wavelength will be
174increased.
175There were several attempts to ﬁt the FBG spectra using
176mathematical functions such as the commonly used
177Gaussian curve ﬁt [21]. Unfortunately, Gaussian ﬁt always
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trums using ﬁxed FBG ﬁlters have been developed [16–
20]. Fig. 1 illustrates a general arrangement of a ﬁxedPlease cite this article in press as: G.C. Kahandawa et al., Extraction an
ﬁxed ﬁlter FBG circuit and an artiﬁcial neural network, Measurementgives an error for a distorted spectrum. Recently Kahanda-
wa et al. has shown that a distorted spectrum can be con-
sidered as a piece wise continuous function, fpc and the
area under each piece of the spectrum P can be obtained
using the following integral [22]:
P ¼ b
Z t2
t1
fpc dt ð1Þ
where b is a constant dependent on the power of the
source, and t1 and t2 are the integral limits in the time do-
main (Fig. 4). Subsequently P can be used for estimation of
the strain and the distortion.
The area under the intersection curve which is propor-
tional to the broadening of the spectrum and/or distortion
(Fig. 4) can be calculated using numerical integration.d processing of real time strain of embedded FBG sensors using a
(2013), http://dx.doi.org/10.1016/j.measurement.2013.07.029
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signiﬁcantly difﬁcult mathematical problem and an
xtensively time consuming process. As a consequence,
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Fig. 1. FBG spectrum de
Fig. 2. Intersection of th
Fig. 3. PD reading due to the intersection of the FBG spectra.
Please cite this article in press as: G.C. Kahandawa et al., Extraction and
ﬁxed ﬁlter FBG circuit and an artiﬁcial neural network, Measurement (2coding system.
e FBG spectra.196
197
198
199he conversion of intersection data becomes an extremely
ifﬁcult task for real time SHM processes. As such a logical
athematically inexpensive procedure was developed to
se the calculated area as an input to a decision making200ntelligent algorithm. The system is able to train itself
201nd predict the strain or alarm when it sees any abnormal
202nput from calculated area. For this case artiﬁcial neural
203etwork algorithm was selected as the decision making
204ntelligent algorithm.
205. Artiﬁcial neural network (ANN) for learning, self-
206raining and prediction in SHM systems
207Many ANN based algorithms have been developed to
208se at various stages of SHM systems. Hosni et al. [23] used
processing of real time strain of embedded FBG sensors using a
013), http://dx.doi.org/10.1016/j.measurement.2013.07.029
209 ANN for reliability analysis of structures. They used an
210 ANN of 1 hidden layer and 10 PEs to predict the response
211 of a structure. Mechanical properties, thickness of the
212 plates, angles of orientation and in-plane loads were input
213 to the network. After training, the output of the ANN is
214used to estimate the reliability using ﬁrst order and second
215momentum (FORM), or the Monte Carlo simulation
216method (MCS). Hosni et al. used ANN to replace FEA and
217estimate limit state function for the structure. Garg et al.
218demonstrated a spectral ﬁnite element (SFEA) and a neural
219network to estimate the damage model parameters of a
220composite structure [24]. They used acoustic wave excita-
221tion (AE) signals and ANN for spectral signal processing of
222the AE signals. Fourier spectral data was the input to the
223ANN. For training SFEM data was used. Their output was
224the span-wise location of the damage, length of the
225damage zone and stiffness degradation factor. The results
226reported were up to good stranded for damage location
227and size. Zhang et al. used an ANN to improve the FBG sig-
228nal detection system [25]. They used ANN to eliminate the
229
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Fig. 4. The piecewise continuous function.
4 G.C. Kahandawa et al. /Measurement xxx (2013) xxx–xxx
MEASUR 2409 No. of Pages 8, Model 3G
3 August 2013Fig. 5. ANN developed to estimate strain.
Fig. 6. Sample with em
Please cite this article in press as: G.C. Kahandawa et al., Extraction an
ﬁxed ﬁlter FBG circuit and an artiﬁcial neural network, Measurementerrors in conversion of optical signal to electrical signal.
Veiga et al. used ANN to improve the reliability of FBG sig-
nals under power variations of light source in 2008 [18].
Paterno et al. used ANN for FBG peak detection [26]. They
used Gaussian, Polynomial or Lorentzianto ﬁt the data to
avoid ambiguity in the detection of the peak. This ﬁtting
was further improved using a green function and input to
the ANN using Radial Basis Function, and increased accu-
racy was reported. Unfortunately the Gaussian ﬁt is not
accurate for analysing distorted spectra, and does not ex-
tract critical strain data attached to the FBG spectrum.
For this strain estimation system, an ANN with three (3)
inputs and one output neuron was developed. The network
consisted of three hidden layers having 20, 50 and 25 neu-
rons (Fig. 5). A back propagation algorithm was used as the
training technique. Three pre-processed ﬁxed ﬁlter read-
ings were given to the ANN through three input neurons
and the strain at the sensor was predicted through the out-
put neuron. An interesting work has been detailed by
Khathate et al. [27] for FBG sensor network was embedded
in an aerospace structure. They have used an ANN system
to predict extreme or unusual strain patterns and related
loads. However, the FBG strain readings were obtained
using a commercial optical spectrum analyser by ‘‘peak
tracking’’ method. As such FBG spectra distortion due to
damage accumulation will not include in the decision mak-
ing process. This causes the system less reliable. Further
their system needs manual handling and not able to oper-
ate as a standalone SHM system.
4. Experimental veriﬁcation259A rectangular 450 mm  150 mm sample was fabri-
260cated with 10 layers of E-glass ﬁbre in the orientation of
bedded FBG sensor.
d processing of real time strain of embedded FBG sensors using a
(2013), http://dx.doi.org/10.1016/j.measurement.2013.07.029
261 [0/90/±45/90/0]s. Kenetix R246TX epoxy resin was used as
262 the matrix material. An FBG sensor with a wavelength cen-
263 tred 1535.2 nm was embedded between non-parallel lay-
264 ers, 3 and 4, at the location shown in Fig. 6. A specimen
265 was cured at 30 C and it was found that the FBG centre
266 wavelength was reduced to 1535.1 nm due to shrinkage
267 of the sample.
268 The ﬁlter circuit consisted of three ﬁlters to cover a
269 wide range of wavelengths (1537.5–1539 nm). A tunable
270 laser light with a swept frequency of 5 nm per second
271 was connected to the embedded FBG sensor through an
272 optical coupler, C1. The reﬂected waveform of the FBG sen-
273 sor was fed into three FBG ﬁxed ﬁlters, F1, F2 and F3
274 through couplers C2, C3 and C4 respectively. Three PDs
275 were used to read the reﬂections of the three ﬁlters
276 (Fig. 7). The PDs’ analogue voltage outputs were recorded
277 using a DAQ at sampling frequency of 10 kHz.
278
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Fig. 7. (a) Optical circuit and the specimen and (b
Fig. 8. Experimental setup.
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ig in steps of 25 N up to 1000 N maximum load using an
TS 100 kN uniaxial loading machine as shown in Fig. 8.
Fig. 9. FEM oPlease cite this article in press as: G.C. Kahandawa et al., Extraction and
ﬁxed ﬁlter FBG circuit and an artiﬁcial neural network, Measurement (2he readings from the DAQ were recorded at each loading
teps.
A detailed ﬁnite element model (FEM) was developed
or the specimen using the commercial software STRAND7.
he model consists with 750 QUAD8 elements. The model
as loaded similar to the four point bending experiment. A
art of the results of FEA was used to train the ANN and
elected data points were kept for experimental validation
f the system. Fig. 9 shows the strain contours of layer 4
nder ﬂexural loading.
The recorded PD readings were pre-processed using an
lgorithm written on MATLAB and converted to time
omain voltage data. Weighted, pre-processed data was
ubsequently fed into the ANN through the three input
eurons. The ANN was trained using the data set until
he RMS error of the network output was reduced to 0.3%.
. Results and discussion
The expected accuracy was reached at 35,000 Epoch.
ig. 10 shows the training rate of the network.
Fig. 11 shows the embedded FBG spectra under 3 load-
ng cases. It can be seen that the distortion has been caused
n each spectrum due local and inherent deﬁciencies [15].
ue to these distortions, estimation of the accurate strain
eadings is impossible. If there is damage closer to the
mbedded sensor, the distortion is substantial. However,
ig. 12 shows ANN predictions for various load levels
hich were not used to train the system. The ANN output
s in an excellent agreement with the calculated FEA
alues.
) layout of couplers and PD arrangement.
specimen.processing of real time strain of embedded FBG sensors using a
013), http://dx.doi.org/10.1016/j.measurement.2013.07.029
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A spectrum of an embedded FBG sensor, which is dis-
torted due various inherent reasons, has been processed
with a ﬁxed ﬁlter FBG network. The ﬁltered data was
post-processed with an ANN algorithm and strain data
was obtained for various load levels. The ANN error level
was kept to less than 0.3%. The excellent agreement of
ANN predictions and the calculated strains conﬁrmed that
the developed ANN system accurately understood the dis-
tortions of the spectra induced by the inherent discrepan-
cies of the material. There are some published research
work on the use of FBG sensor networks with ANN post-
processing algorithms [27,28]. Unfortunately those studies
were based on manually read data using speciﬁc commer-
cially available equipment which makes it prohibitively
difﬁcult to compare the technology detailed in this paper.
Fig. 11. Distortion to the FBG spectrum with the loading.
Fig. 12. The network output and the FEA output.
Please cite this article in press as: G.C. Kahandawa et al., Extraction an
ﬁxed ﬁlter FBG circuit and an artiﬁcial neural network, MeasurementThe proposed system is a building block for a large net-
work and fundamental to SHM systems. It has been proved
that the basic unit has accurately captured the distortion
and identiﬁed the status of the structure according to its
training. The components of this building block, the ﬁlters
and their outputs are easily integrated into a microproces-
sor which can condition and post-process through an ANN
algorithm to output desired parameter. As such, the inte-
grated system can output real time strain of a composite
structure under any operational load level. Unfortunately
there are no data from published work available for.References
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